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A basic tenet of microeconomics suggests that
the subjective value of financial gains decreases
with increasing assets of individuals (‘‘marginal
utility’’). Using concepts from learning theory
andmicroeconomics,we assessed the capacity
of financial rewards to elicit behavioral and
neuronal changes during reward-predictive
learning in participants with different financial
backgrounds. Behavioral learning speed during
both acquisition and extinction correlated
negatively with the assets of the participants,
irrespective of education and age. Correspond-
ingly, response changes in midbrain and stria-
tum measured with functional magnetic reso-
nance imaging were slower during both
acquisition and extinction with increasing as-
sets and incomeof theparticipants.Bycontrast,
asymptotic magnitudes of behavioral and neu-
ronal responses after learning were unrelated
to personal finances. The inverse relationship
of behavioral and neuronal learning speed with
personal finances is compatiblewith thegeneral
concept of decreasing marginal utility with in-
creasing wealth.
INTRODUCTION
A long-standing problem in the behavioral sciences con-
cerns the question of how organisms compare different
actions, commodities, or predictors of such commodities
when deciding which option to choose (for review: Shiz-
gal, 1997; Montague and Berns, 2002). For example, it is
difficult to compare a bar of chocolate with a glass of
wine when we are asked to choose between them. Utility
provides a solution to the problem because it allows differ-
ent commodities to be rank-ordered and compared on
a single common currency, such that the option with the
highest utility can be chosen. The utility function of reward
is not linear but conforms in many individuals and situa-tions to a concave function of reward magnitude, becom-
ing less steep with higher magnitude.
In microeconomics, the utility derived from an additional
unit of a commodity is referred to as marginal utility. The
usual concave form of the utility function results in a pro-
gressive decrease in marginal utility with increasing as-
sets. Thus, the marginal utility diminishes as a function
of the number of units already owned, and each additional
unit of a commodity yields less additional utility (‘‘diminish-
ing marginal utility;’’ Bernoulli, 1954; Von Neumann and
Morgenstern, 1944; Kreps, 1990). For example, receiving
the first $100 yields more marginal utility than receiving
$100 when one is already a millionaire. And once very
rich, one would less readily pick up a coin from the street
than at the start of a financial career.
One of the main functions of rewards is to bring about
learning (Pavlov, 1927), and larger reinforcement may pro-
duce faster behavioral learning (Annau and Kamin, 1961;
Campbell et al., 1972). If wealth were to determine the
value of reinforcement, then poorer people should learn
faster about coins than richer people as the coin has
more marginal utility for a poor person. Learning processes
have been captured by formal learning theories such as the
Rescorla-Wagner model (Rescorla and Wagner, 1972),
which proposes that the value of the reward-predicting
stimulus gradually increases until it reaches an asymptote
that corresponds to the value of the reward. Neurophysio-
logical studies in nonhuman primates suggest that mid-
brain dopamine, striatal, and prefrontal neurons show
gradual increases in activity during learning (Rolls et al.,
1996; Hollerman and Schultz, 1998; Tremblay and Schultz,
2000; Pasupathy and Miller, 2005). Functional imaging
studies indicate that the midbrain, striatum, and prefrontal
cortex are also involved in human associative learning
(McClure et al., 2003; O’Doherty et al., 2003; Corlett
et al., 2004). However, it is unknown whether the value
signal used by these regions would incorporate marginal
utility during learning associations between conditioned
stimuli and financial rewards.
In the present study, we conjectured that variations in
reward value, as measured by variations in marginal utility,
should result in variations in neuronal learning about
reward-predicting stimuli. We used a Pavlovian paradigm
(Pavlov, 1927) and studied activations in the midbrain
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Financial BOLD LearningFigure 1. Paradigm and Behavior
(A) Pavlovian task. During an initial acquisition and maintenance
phase, the conditioned, reward-predicting stimulus was followed after
3 s by a picture of a 20 pence coin (which was handed to the partici-
pants immediately after the experiment). The control stimulus was
followed by a picture of a scrambled 20 pence coin (which did not
lead to a money reward). In extinction trials, the conditioned stimulus
was followed by the scrambled picture.
(B) Average change in pleasantness rating. Over the course of the
experiment, the pleasantness of the reward-predicting stimulus (left),
but not of the control stimulus (right), increased (p < 0.01, t test). Rat-
ings were taken on a dimensionless scale of2 (very unpleasant) to +2
(very pleasant). Error bars, standard error of the mean (SEM).
(C and D) Negative correlation of learning speed and wealth during ini-
tial learning (C) and extinction (D). In each trial, participants were asked
to indicate their confidence of whether a stimulus was followed by 20
pence or scrambled 20 pence with the duration of a corresponding
button press. Learning speed was computed as change in duration
of button press per trial and normalized. Asset normalization was com-
puted as [(raw assets or income  mean assets or income)/(standard
deviation of assets or income + 2)].
(E) Comparison of regressions of self-reported coin pick-up frequency
ratings on assets and income. Participants were asked to indicate how
often they would pick up a 20 pence coin from the street (1 = never, 5 =
always). The relationship between assets and self-reported coin pick-
up behavior (line 1) was significant (r =0.62; p < 0.05), whereas the re-
lationship between income and self-reported coin pick-up behavior (line
2) was not (0.27; p > 0.3). Normalization was as described in (C and D).
(F) Schematic learning functions showing increases in conditioned
value of stimuli, according to the Rescorla-Wagner learning model,
with faster, asymptotic learning (1), slower, linear learning (2), and no
learning (control, 3). Continuation of lines shows repeated asymptotic
extinction and relearning trials. The three learning curves, and sepa-
rately the extinction curves, served as regressors for the general linear
model for assessing brain activation.168 Neuron 54, 167–175, April 5, 2007 ª2007 Elsevier Inc.(including substantia nigra) and striatum during acquisi-
tion, maintenance, and extinction of stimulus-reward as-
sociations. If participants were to assign value, or marginal
utility, to a financial reward according to their individual
financial status (Bernoulli, 1954; Von Neumann and
Morgenstern, 1944; Kreps, 1990), one would expect that
midbrain and striatal learning responses would be modu-
lated by the financial status of an individual. To operation-
alize marginal utility we assessed the wealth of the partic-
ipants as assets and income.
RESULTS
Task, Finances, and Behavior
In the Pavlovian learning paradigm, we presented visual
stimuli that predicted either a picture of a 20 pence coin
or a scrambled picture of that coin (Figure 1A). Partici-
pants were told that they would receive the accumulated
amount of money at the end of the experiment, and they
were shown a jar full of 20 pence coins before they entered
the scanner. During extinction trials, the initially rewarded
stimulus was no longer followed by reward. In order to en-
sure the attentiveness of the participants, we occasionally
presented letters to which they had to respond with a but-
ton press. Participants detected 92% of letters with an
average reaction time of 607.4 ms, suggesting attention
to the stimuli throughout the experiment. Pleasantness
ratings of the reward-predicting stimulus increased signif-
icantly more over the course of the experiment compared
with the pleasantness ratings of the control stimulus (Fig-
ure 1B). After the experiment, all 14 participants correctly
reported the differential reward predictions of the two
stimuli. These data indicate that the participants had
undergone differential learning for the two conditioned
stimuli.
The participants had average assets of £858 (range
£0–£3,000) and average incomes of £10,269 per year
(range £0–£30,000). Assets did not correlate significantly
with income (0.37, p > 0.19). The age of rich and poor
participants differed insignificantly (31.2 ± 3.3 versus
26.1 ± 8.4 years [mean ± standard deviation], p > 0.15).
All participants had obtained a university degree or were
at least 2 years within the process of obtaining one. The
number of years spent in university (4.9 ± 2.3 years) and
amount of experience with British money did not signifi-
cantly correlate with wealth (r = 0.36, p > 0.20; r = 0.38,
p > 0.19; respectively). The money earned during the
experiment (£20) changed the financial status of the par-
ticipants only very little (2.33% of average assets; 0.19%
of average income).
We measured behavioral learning speed to test for
wealth-related differences. Increasing assets correlated
with decreasing speed of learning both during acquisition
learning (r = 0.65; p < 0.05) (Figure 1C) and extinction
(r =0.63; p < 0.05) (Figure 1D). Thus, learning progressed
more slowly in richer participants, suggesting lower mar-
ginal utility of 20 pence for richer participants. In order to
obtain an additional estimate of marginal utility, we
Neuron
Financial BOLD Learninginterviewed the participants about the frequency with
which they would pick up a 20 pence coin from the street
(Furnham, 1985). This measure correlated negatively with
assets and income (Figure 1E), again suggesting a pro-
gressively lower marginal utility of 20 pence for increas-
ingly rich participants. Reaction times did not correlate
significantly with assets, income, or self-reported coin
pick-up behavior (0.20 < r < 0.46; all p > 0.10), indicating
that attention was comparable across participants with
differing financial backgrounds.
Brain Imaging
We used event-related functional magnetic resonance im-
aging (fMRI) to assess the acquisition of brain responses
to reward-predicting stimuli during learning in relation to
the financial status of participants. We specifically tar-
geted the striatum and midbrain to search for blood
oxygen-level-dependent (BOLD) local signal changes, as
these are the prime structures involved in reward and
reward-directed learning, according to both neurophysio-
logical and imaging studies (Hollerman and Schultz, 1998;
Tremblay et al., 1998; McClure et al., 2003; O’Doherty
et al., 2003). To identify learning-related signal changes
within the target structures, we first regressed brain activa-
tion with a general linear model (GLM) that incorporated
two very different learning functions. We used the asymp-
totic increases across trials following the Rescorla-Wag-
ner learning rule as a typical example describing a wide
range of efficient response acquisition, and a slow, linear
learning function as a pronounced case approximating
slow learning (Figure 1F). However, we found only moder-
ate variations in activation between these two different
learning functions without taking into account participants’
financial status (see Figure S1 in the Supplemental Data).
In a next step we correlated the regression coefficients
(betas) for asymptotic and linear learning obtained from
the target structures with the individual financial status
of the participants. Using the faster, asymptotic learning
function as the underlying model, we found learning-
related response increases in the midbrain and, to a lesser
degree, in the striatum, both of which correlated nega-
tively with the wealth of the participants (Figures 2A, 2B,
and 2E). This result might suggest slower learning in
more wealthy participants, which in turn should correlate
much better with particularly slow learning functions.
Indeed, when regressing with the linear learning function
(Figure 1F), we found positive correlations with the wealth
of the participants in both midbrain and striatum (Figures
2C and 2F, left; Table 1 for further regions). The positive
correlations with linear learning were significantly different
from the negative correlations with asymptotic learning in
the common peak voxels of both midbrain and striatum
(both p < 0.00001). In direct comparisons of the parameter
estimates (betasGLM), we found significant differences be-
tween the seven richer and the seven poorer participants
for both asymptotic and linear learning in midbrain and
striatum (Figures 2B and 2E, right; and Figures 2C and
2F, right; respectively). We controlled for the potentialconfounds of age and education by entering these vari-
ables as covariates of no interest in all multiple regres-
sions, and as a result found that midbrain and striatal
activations were not explained by these variables. As a
countertest we used these two variables as regressors
on the obtained midbrain and striatal activations, and
found only minor and significantly lower relationships to
age and education compared with assets. Taken together,
poorer participants showed more asymptotic, less linear,
and thus faster learning compared with richer participants,
who displayed more linear, less asymptotic, and thus
slower learning in prime reward structures; these effects
were unlikely related to nonfinancial measures.
To investigate whether the observed learning relation-
ships extend to a wider range of personal finances, we in-
corporated also the incomes of individual participants into
our multiple regression analysis. Employing the asymp-
totic learning function as the underlying model, we found
similar negative correlations of neuronal learning with in-
come in the right midbrain, which differed insignificantly
from the influence of assets (Figures 3A and 3B). As with
assets alone, these brain activations occurred irrespective
of age and education and failed to correlate with these pa-
rameters. Thus, the negative impact of higher assets on
financial neuronal learning across participants with differ-
ing finances documented in Figure 2 extends to other
measures of finances.
Although these data suggest faster learning in poorer
participants compared with richer ones, they do not ad-
dress a potential role of finances relative to a human refer-
ence population. Our participants were poorer than the
average member of the general UK population, and this
difference was more pronounced for assets than income
(assets: mean of £858, compared with population mean
of £12,363 in 2000, according to British Household Panel
Survey [BHPS, 2000]; income: mean of £10,269, com-
pared with population mean of £17,576 per year in 2002,
according to UK Department for Work and Pensions [UK
Department for Work and Pensions, 2002]). We therefore
asked whether learning in some reward regions might
reflect these differences relative to the population. Indeed,
the faster, asymptotic learning in the midbrain region
shown in Figure 2A correlated significantly more negatively
with assets than income (p < 0.01; Figure 3C), and the pos-
itive correlation of the slower, linear learning in the striatum
(Figure 2D) was significantly better with assets than in-
come (p < 0.05, z-test; Figure 3D). The differences oc-
curred irrespective of age and education. Thus, although
the speed of behavioral and neuronal learning was deter-
mined by both assets and income, activations in some re-
ward structures reflected the degree of financial deviation
from the average of the national human population.
Having used the Rescorla-Wagner learning model for
the regressions, we aimed to distinguish between the
particular learning parameters. When learning is captured
byDV = a b (lV), b directly determines the learning speed
(salience of reward), whereas l determines the level of as-
ymptotic associative strength and, indirectly, the learningNeuron 54, 167–175, April 5, 2007 ª2007 Elsevier Inc. 169
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Financial BOLD LearningFigure 2. Inverse Relationship between Neuronal Learning and Individual Finances in Midbrain and Striatum
(A) Response location in midbrain showing negative correlation between assets and learning using the faster, asymptotic learning model (small
volume correction for multiple comparisons controlled with false discovery rate [FDR] at q < 0.05).
(B) Further evaluations within region of activation shown in (A). (Left) Negative correlation between assets and parameter estimates (betasGLM) obtained
with the asymptotic learning model at peak midbrain voxel (r = 0.92; p < 0.0001 for slope different from 0; tau = 0.81; p < 0.0001 for dependence
of variables;14/12/8; z = 4.3). The correlation remained significant when participants with no assets were removed from the analysis (r =0.81;
tau = 0.73; both p < 0.05). (Right) Comparison of betasGLM between the seven poorest and seven richest participants with the asymptotic learning
model (mean ± SEM) at midbrain voxel showing maximal difference between poor and rich participants (q < 0.05, small volume correction, FDR).
(C) Evaluations in cluster shown in (A). (Left) Positive correlation between assets and betasGLM using the linear learning model (r = 0.66; p < 0.01;
tau = 0.39; p = 0.05; excluding participants with no assets: r = 0.72; p < 0.07; tau = 0.62; p = 0.05). (Right) Comparison of betasGLM between
poor and rich participants for linear learning.
(D) Response location in striatum showing positive correlation between assets and learning using the slower, linear learning model (q < 0.05, whole
brain correction, FDR).
(E) Evaluations in cluster shown in (D). (Left) Negative correlation between assets and betasGLM using the asymptotic learning model (r = 0.55;
p < 0.05; tau = 0.37; p = 0.07; excluding participants with no assets: r = 0.39; p = 0.41; tau = 0.17; p = 0.59). (Right) Comparison of betasGLM
between poor and rich participants for asymptotic learning.
(F) Evaluations in cluster shown in (D). (Left) Positive correlation between assets and betasGLM obtained with the linear learning model (r = 0.90;
tau = 0.81; both p < 0.0001; excluding participants with no assets: r = 0.77; tau = 0.73; both p < 0.05; 24/6/18; z = 4.5). (Right) Comparison of
betasGLM between poor and rich participants for linear learning (q < 0.05, small volume correction, FDR). These effects cannot be explained by
age and years of higher education, which entered as covariates of no interest in all correlations shown in (B), (C), (E), and (F). Regressions in locations
shown in (A) and (D) with age and education were significantly lower than with assets (age: p < 0.05, z-test; r values from 0.54 to 0.43; education:
p < 0.05; r values from 0.27 to 0.48).speed (maximal attainable associative strength supported
by the unconditioned stimulus) (Rescorla and Wagner,
1972). In following the modeled learning curve and the
behavioral data, we separated the initial 12 learning trials
from the remaining trials approaching asymptotic perfor-
mance and correlated activations in these two separate
trial groups with assets. We found significant, negative
correlations in the midbrain during the first 12 trials, which
were significantly stronger than the modest influences of
age and education. By contrast, correlations in the subse-
quent, asymptotic trials were insignificant (p > 0.2), and
differed significantly from correlations in initial trials (p <
0.001, z-test; Figure 4). These data suggest that personal
finances may influence particularly the speed of learning
(b, salience) rather than asymptotic associative strength
(l) within the Rescorla-Wagner learning framework.
A more general influence of finances on neuronal learn-
ing should include the opposite of response acquisition,170 Neuron 54, 167–175, April 5, 2007 ª2007 Elsevier Inc.namely the loss of learned associations by removal of re-
warding outcomes (extinction). To this end, we regressed
the reduction of brain responses during extinction against
the financial status of the individual participants as as-
sessed by assets and income. We found that the extinction
of neuronal responses correlated negatively with both
financial parameters in the midbrain, although age exerted
a moderate influence (Figure 5). Thus, the negative impact
of higher finances on the acquisition of neuronal responses
documented in Figure 2 and Figure 3 extends to the slower
extinction in richer participants, suggesting an overall
slowed change in neuronal responsiveness to financial
cues in richer participants.
DISCUSSION
Our results suggest that the speed of neuronal learning in
specific reward regions depends on the personal financial
Neuron
Financial BOLD LearningTable 1. Peak Coordinates of Activated Areas
Contrast Region of interest x y z Z score
Negative correlation of assets with asymptotic learning
(Figures 2A, 2B, and 2E)
midbrain 14 12 8 4.3*
striatum 26 2 20 3.2+
Positive correlation of assets with linear learning
(Figures 2C, 2D, and 2F)
midbrain 16 12 10 4.2**
striatum (right) 24 6 18 4.5**
striatum (left) 10 14 6 4.0**
middle frontal gyrus 44 30 28 3.6**
middle frontal gyrus 38 34 40 3.6**
Stronger negative correlation of assets with asymptotic
learning than income (Figure 3A)
midbrain 14 12 8 4.0*
Stronger positive correlation of assets with linear
learning than income (Figure 3B)
striatum 24 6 18 4.4*
Negative correlation of both assets and income with
asymptotic learning (Figures 3C and 3D)
midbrain 16 14 6 3.2*
Negative correlation of assets with asymptotic learning
in initial 12 trials (Figure 4)
midbrain 14 12 8 4.3*
Negative correlation of all financial measures with
extinction (Figure 5)
midbrain 6 10 10 4.0*
(+), p < 0.001, uncorrected; (*), small volume correction, false discovery rate (FDR) controlled at q < 0.05; (**), whole brain correction,
FDR controlled at q < 0.05.situation of the individual participant. Regions in the mid-
brain and striatum acquired reward-predicting responses
faster in less wealthy participants compared with more af-
fluent ones. The personal finances had a similar influence
on the extinction of previously acquired brain responses,
which advanced faster in poorer participants compared
with richer ones. These relationships exceeded those
potentially due to age and education. The results can be
conceptualized by the economic measure of marginal
utility, which describes the gain from additional goods
on top of the number of units already owned (Bernoulli,
1954; Von Neumann and Morgenstern, 1944; Kreps,
1990). The progressively smaller gain with increasing
wealth would provide decreasing reward value that could
lead to the reduced learning speed. Thus, individuals for
whom a financial unit has lower marginal utility would
show slower acquisition and extinction than individuals
for whom the same unit has higher marginal utility. Or,
put differently, ‘‘The rich are different from you and me’’
(Fitzgerald, 1926).
The term utility provides a common measure with which
different commodities can be compared and ranked.
Marginal utility, as a derivative of utility, has a similar func-
tion. In the present experiment, we used the level of assets
and income to approximate marginal utility and tested
these levels as predictors for learning. The employed
experimental situation made it impractical to compare
marginal utility within single individuals after a major
change of finances. Therefore, we have applied anotheroperationalization of marginal utility and have made inter-
personal comparisons between individuals with stable
financial situations. There are no standardized procedures
for such comparisons in behavioral economics. However,
behavioral studies comparing the perceived size of coins
and the propensity to pick them up from the street found
that rich individuals value coins less than poorer individuals
(Bruner and Goodman, 1947; Furnham, 1985). This be-
havioral result was confirmed in the present study. In
agreement with this notion, our study demonstrated
good correlations between the rate of neuronal learning
in basic reward structures and differences in economic
background (asset range: £0–£3,000; income range:
£0–£30,000). Thus, the present data suggest that inter-
personal comparisons of utility are possible and can reveal
differences in the acquisition of value signals encoded by
primary brain reward structures. It remains to be investi-
gated whether the wealth-dependent changes in learning
for monetary outcomes occur also with other kinds of
rewards.
Potential confounds for correlations with individual
finances are age and education, both of which covary
positively with individual finances. However, increasing
education would facilitate, rather than decrease, learning;
thus, education and finances would have opposing influ-
ences on learning. We controlled for the influence of age
and education in two ways: (1) we used them as covariates
of no interest in all multiple regressions, resulting in brain
activations not primarily explained by these variables,Neuron 54, 167–175, April 5, 2007 ª2007 Elsevier Inc. 171
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Financial BOLD LearningFigure 3. Common andDistinct Relation-
ships of Brain Learning Responses with
Assets and Income
(A) Midbrain region showing negative correla-
tion between brain activation (parameter esti-
mates) and both assets and income based on
the asymptotic learning model (small volume
correction, FDR controlled at q < 0.05).
(B) Negative correlations between parameter
estimates for asymptotic learning and assets
(r = 0.61, p < 0.05; tau = 0.58, p < 0.01)
and income (r = 0.55, p < 0.05; tau = 0.47,
p < 0.05) at peak midbrain voxel (16/14/6;
z = 3.2). Correlations differed insignificantly
between assets and income.
(C) Correlations with asymptotic learning were
significantly more negative for assets than in-
come (q < 0.05, small volume correction, FDR).
Individual correlations were significant for as-
sets (r = 0.92; tau = 0.81; both p < 0.0001;
circles), but not income (r = 0.41, p > 0.1;
tau = 0.22, p > 0.28; squares), in midbrain
(peak at 14/12/8; z = 4.0; same peak as
shown in Figure 2A).
(D) Correlations with linear learning were significantly more positive for assets than income (q < 0.05, small volume correction, FDR). Individual
correlations were significant for assets (r = 0.9, p < 0.0001; tau = 0.76, p < 0.0005; circles), but not income (r = 0.13; tau = 0.1; both p > 0.5; squares),
in dorsolateral striatum (peak at 24/6/18; z = 4.4; same peak as shown in Figure 2D). In (A)–(D) parameter estimates (betasGLM) were obtained from
asymptotic or linear learning regressors in a general linear model and were correlated in each participant with assets and income. Assets and income
were normalized as for Figure 1. These effects cannot be explained by age and years of higher education, which entered the analysis as covariates of
no interest in (A)–(D). Regressions in locations shown in (A) and (D) with age and education were significantly lower than with assets (p < 0.05, z-test;
r values from 0.03 to 0.05 and p > 0.85 versus zero slope).and (2) we used age and education as distinct regressors
on the obtained brain activations. As a result, the principal
data of this study are explained by individual finances
rather than age and education. Only extinction learning
might have shown an influence of age and education, indi-
cating that our analysis was indeed sensitive to these con-
founds. The negligible influence of education should also
Figure 4. Comparison of Early versus Late Learning Trials in
Midbrain and Striatum
(A) Negative correlation between assets and midbrain activation adja-
cent to cluster shown in Figure 2A (q < 0.05, small volume correction,
FDR) during initial learning trials 1–12 using the asymptotic learning
model (r = 0.91; p < 0.0001; tau = 0.81; p = 0.0001). These effects
cannot be explained by age and years of higher education, which en-
tered the analysis as covariates of no interest. Regressions with age
and education were significantly lower than with assets (p < 0.05,
z-test; r values from 0.32 to 0.24 and p > 0.25 versus zero slope).
(B) Insignificant correlation between assets and midbrain activaion in
same cluster as (A) during trials 13 and higher (r = 0.35; p < 0.22;
tau =0.18; p = 0.37). Difference to correlation in (A) is p < 0.01; z-test.172 Neuron 54, 167–175, April 5, 2007 ª2007 Elsevier Inc.rule out a role of the intelligence quotient (IQ), which usually
covaries with wealth (Dickerson, 2006; Kanazawa, 2006)
and education (Tambs et al., 1989; Neisser et al., 1996),
as IQ should have similar mutually opposing effects on
learning as education does. In addition, major components
of IQ tests measure asymptotic, acquired performance
rather than learning speed, and it was learning speed
rather than performance that correlated with the finances
of the participants. Taken together, the current results are
difficult to reconcile with primary influences of age, educa-
tion, and IQ on behavioral and neuronal learning, although
future research might wish to elucidate the neuronal mech-
anisms by which these variables affect learning speed.
The observed increases in neuronal learning in reward-
processing regions can be characterized more concisely
by using the Rescorla-Wagner learning rule (Rescorla
and Wagner, 1972), according to which learning increases
in proportion to the prediction error, as given by the differ-
ence between asymptotic value (size of reinforcement, l)
and current value (associative strength), weighted by the
rate parameters a and b, corresponding to the salience
of the conditioned and unconditioned stimulus, respec-
tively. The performance after learning increases with size
of reinforcement (Kintsch, 1962; Wagner et al., 1964),
whereas the rate of learning increases with both reinforcer
size and salience rate parameters (Annau and Kamin,
1961; Campbell et al., 1972). However, the study of be-
havior during learning allows only approximate estimates
of the values of the individual parameters that in combina-
tion determine learning (a, b, and l; Rescorla, 2002). With
Neuron
Financial BOLD LearningFigure 5. Correlation of Response
Extinction in Midbrain with Different
Financial Measures
(A) Midbrain region showing negative correla-
tions of assets and income with extinction-
related parameter estimates (q < 0.05, small
volume correction, FDR). (B) Negative correla-
tions of parameter estimates for extinction with
assets (r = 0.56; tau = 0.47; both p < 0.05;
circles) and income (r = 0.70, p < 0.01;
tau = 0.44, p < 0.05; squares) at peak
midbrain voxel (6/10/10; z = 4.0; medially
adjacent to peak shown in Figure 2A). Assets
and income were normalized as for Figure 1. The value of the conditioned stimulus in this part of the experiment did not reach the bottom asymptote
(0 pence), but remained at intermediate values over three cycles of extinction and reacquisition (Figure 1F). For (A) and (B) regressions with the general
linear model employed asymptotic response decreases during extinction when the reward-predicting stimulus was followed by a nonrewarding
scrambled picture (Figure 1F). Due to similarities in learning functions, regressions using linear extinction yielded insignificantly different results
and are not shown. For (B) the parameter estimates (betasGLM) resulting from the regressions were correlated with assets and income. Regressions
with age and education revealed insignificantly different relationships compared with assets, indicating potential age and education confounds
(r values from 0.72 to 0.52, p < 0.01 and p < 0.06 versus zero slope; not significant versus assets; z-test).these precautions, we can speculate that marginal utility
as defined by microeconomic theory might influence indi-
vidual parameters of learning described by animal learning
theory. As marginal utility in general decreases with in-
creasing personal finances, its influence on reward pro-
cesses would decrease with increasing wealth and in-
come. The stronger influences of wealth on the steeper,
rather than asymptotic, parts of the learning curve suggest
that decreases in marginal utility might affect more the
learning speed and thus the salience of the unconditioned
stimulus (b, Figure 4A) compared with the asymptotic per-
formance (l; Figure 4B). Thus, individual financial differ-




Fourteen healthy volunteers (mean age 28 years; range 20–44; six fe-
males; 13 with Caucasian ethnicity) participated in the study. Thirteen
subjects were right-handed and all had normal or corrected-to-normal
vision in the scanner. Subjects were screened to ensure they satisfied
MRI safety requirements and to exclude those with a prior history of
neurological or psychiatric illness. Twelve participants were university
students or worked in academic positions. All subjects gave informed
written consent, and the Local Research Ethics Committee of the
Cambridgeshire Health Authority approved the study.
Experimental Design
Artificial, complex visual conditioned stimuli were presented for 3 s,
and intact or scrambled pictures of money coins were shown for 1 s
as rewards or controls, respectively (Figure 1A). Reward consisted of
a picture of a 20 pence coin, and there was no particular action re-
quired from the subjects to obtain reward. Subjects were told that
for each presentation of the picture of the 20 pence coin, but not for
the scrambled control, they would receive 20 pence at the end of the
experiment. In order to prevent cumulative adaptation effects (Kahne-
man and Tversky, 1979), total earnings were not displayed. Partici-
pants were asked to indicate in each trial with a button press whether
conditioned stimuli were followed by a picture of the 20 pence coin or
by a picture of a scrambled 20 pence coin. In addition, they were in-
structed to indicate their confidence about stimulus contingencywith the duration of their button pressing, as previously used in studies
of associative learning (Corlett et al., 2004, 2006). Changes in the du-
ration of button pressing across consecutive learning trials served as
an index of learning speed both during initial learning and during ex-
tinction (see below). Six different stimuli were used in the behavioral
phase of the experiment; three were followed by reward, and the other
three by the scrambled 20 pence coin. In order to avoid conditional
motor-reward activation, participants were not asked to press buttons
to conditioned stimuli in the scanner. Intertrial intervals varied ran-
domly between 4 and 28 s with a mean of 16 s. Stimulus delivery
was controlled with DMDX software (K.I. Forster and J.C. Forster,
University of Arizona).
Only two conditioned stimuli were used during testing in the scan-
ner, but as in the behavioral experiment, their presentation consisted
of two consecutive phases. In the first phase, one conditioned stimulus
was followed by a picture of a 20 pence coin, whereas the control stim-
ulus was followed by a scrambled picture of a 20 pence coin. These
trials were intermixed with unpredicted presentations of the intact
and scrambled 20 pence coin. The conditioned, reward-predicting
and control stimuli, and the unpredicted intact and scrambled 20
pence coin pictures, were each presented in 35 trials, in semirandom
order, in the center of the monitor. The assignment of visual stimuli
to rewarded and control trials was counterbalanced across subjects.
In the second phase, the previous reward-predicting stimulus was
unexpectedly followed by the scrambled 20 pence coin for five trials
(extinction). For the next five trials, the 20 pence coin again followed
the stimulus (reacquisition). This sequence was repeated three times
for a total of 15 extinction and 15 reacquisition trials. In order to ensure
subjects’ attentiveness in both phases, a letter was presented in some
trials and subjects were required to react with a button press as quickly
as possible.
In separate questionnaires we asked subjects to indicate their cur-
rent assets and income, and the frequency with which they would
pick up a 20 pence coin from the street (1 = never, 5 = always). At the
end of the experiment, participants specified which stimulus predicted
the 20 pence coin. Subsequently they answered questions about their
financial status and finally received earnings of £20. Reaction times, as-
sets, income, and self-reported coin pick-up behavior varied insignifi-
cantly between males and females (p > 0.12; t test).
Data Acquisition
Functional imaging was performed on a MedSpec system (Bruker,
Ettlingen, Germany) operating at 3 Tesla in the Wolfson Brain Imaging
Centre, Cambridge. We acquired gradient echo T2*-weighted echo-
planar images with BOLD contrast (3096 volumes of 21 slices/volume,Neuron 54, 167–175, April 5, 2007 ª2007 Elsevier Inc. 173
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Financial BOLD Learningrepetition time 1.1 s) and high-resolution, structural, spoiled, gradient-
recalled acquisition images. Signal dropout in orbitofrontal cortex due
to susceptibility artifact was reduced by using a tilted plane of acqui-
sition (30 to the anterior commissure-posterior commissure line,
rostral > caudal). Imaging parameters were as follows: echo time,
27.5 ms; field of view, 200 mm; slice thickness, 4 mm; interslice gap,
1 mm. The first five volumes of each block, acquired before stimulus
presentation, were discarded to avoid T1 calibration effects.
Data Analysis
Statistical Parametric Mapping (SPM2) served to spatially realign func-
tional data, normalize them to a standard echoplanar imaging template,
and smooth them using a Gaussian kernel with full width at half-maxi-
mum = 12 mm. The time series in each block were high-pass filtered
(to a maximum of 1/120 Hz), and serial autocorrelations were estimated
using a first-order autoregression model (AR-1).
The regressors in the response model for analyzing brain activation
were established in several steps. First, we constructed rectangular
functions of 1 s for the unpredicted intact or scrambled 20 pence
coin pictures or 4 s for the conditioned stimuli for each of the four trial
types. We used the 1 s rectangular function as regressor for unpre-
dicted reward (intact coin) or unpredicted control (scrambled coin)
and the 4 s rectangular function as regressor for either the conditioned
stimulus together with the reward (intact coin) or the conditioned stim-
ulus together with the control outcome (scrambled picture). We con-
structed a 1 s rectangular function as regressor for the letter-detection
trials, but did not further analyze activations in these attention-main-
taining trials.
Second, we used two regressors that assumed stronger asymptotic
or linear response increases, respectively, during learning of reward-
predicting stimuli and control stimuli (Figure 1F). Specifically, the 4 s
rectangular regressor functions were multiplied with a value computed
by two separate Rescorla-Wagner learning models: DV = a b (l  V),
where V and DV correspond to the value (associative strength) of the
current stimulus and its change, respectively; a corresponds to the sa-
lience of the conditioned stimulus; b corresponds to the salience of the
reward; and l corresponds to the maximal possible strength of asso-
ciation (asymptote, induced by 20 pence in the present experiment)
(Rescorla and Wagner, 1972). The sensory salience of the two condi-
tioned stimuli was assumed to be equal, and the learning rate, a b,
was set to 0.25 (producing an asymptotic learning model) or 0.01 (for
a slower, linear learning model), following results from previous re-
search (O’Doherty et al., 2003). Thus, the value of a stimulus in trial n
was determined as the sum of its previous value and the change in
value in the previous trial in which it was present: Vn = Vn1 + DVn1.
The modeled value of the reward-predicting stimulus increased grad-
ually during learning (from 0 pence value), reached an asymptote only
with the asymptotic learning function (20 pence), then decreased with
extinction (4 pence, learning rate of 0.25) and increased again with re-
acquisition (to a value corresponding to 16 pence), with three extinc-
tion-reacquisition cycles (Figure 1F).
As a final step in setting up the regressors, the rectangular functions
and the asymptotic and linear Rescorla-Wagner-conforming learning
changes of the rectangular functions were convolved with a canonical
hemodynamic response function (HRF) and its temporal derivative to
accommodate latency differences, producing three columns, respec-
tively, in the design matrix X of the GLM (Friston et al., 1994). The
estimated GLM parameter betaGLM summarized the amount of
variance in each fMRI time series accounted for by associative learn-
ing (or extinction). More specifically, the GLM conforms to Y =
alphaGLM + betaGLMX + 3, where betaGLM (parameter estimate) reflects
the strength of covariance between Y (the data) and X (canonical re-
sponse function for a given condition, such as asymptotic or linear
learning), given error 3 and intercept alphaGLM.
Using random-effects analysis, the relevant contrasts of parameter
estimates were entered into a series of t tests. The effect of learning
and maintaining a novel stimulus-reward association was examined174 Neuron 54, 167–175, April 5, 2007 ª2007 Elsevier Inc.by the contrast of [value of reward predicting conditioned stimulus ac-
cording to the Rescorla-Wagner model] – [control conditioned stimu-
lus]. Different learning speeds (Figure S1) were assessed by statisti-
cally comparing (t test) the parameter estimates (betasGLM) from
regressions of [differential learning with the asymptotic Rescorla-Wag-
ner learning curve] with regressions of [differential learning with the
linear model] in each participant. The effect of extinguishing an estab-
lished stimulus-reward association was examined by the main effect
[value of reward-predicting stimulus during extinction according to
the Rescorla-Wagner model]. The contrasts of parameter estimates
were computed in all subjects and then correlated with subjects’ as-
sets and incomes in multiple regressions. Different and common rela-
tionships for assets and income were assessed in simple and multiple
regressions by correlating asymptotic or linear learning with these
measures. We controlled for the potential confounds of biological
age and years of higher education by entering these variables as cova-
riates of no interest in all regressions, which resulted in the neglect of
activations in brain structures that potentially covaried with these two
parameters. Subsequently, we used age and education as simple re-
gressors within the brain structures that were positively identified as
showing activations that covaried with assets, income, or both. We
compared two regressions directly using z-tests. In order to account
for the possibility of outliers, Kendall’s rank correlation coefficient
(tau) with correction for ties was used in addition to simple and multiple
regressions.
Thresholding Strategy
We investigated the midbrain and striatum as identified neuroanatomi-
cally with the Pickatlas Toolbox (Maldjian et al., 2003). Given the limits
of spatial resolution, we cannot attribute the midbrain activations with
confidence to the substantia nigra, although the activations centered
around the region of the substantia nigra that is usually activated in re-
ward studies. Except where stated (Table 1), we used small volume
correction for multiple comparisons with false discovery rate (FDR)
controlled at q < 0.05. The one activation not surviving small volume
correction (Figure 2E) is located within a predefined region of interest,
survives a threshold of p < 0.001, and comprises at least 15 voxels, fol-
lowing criteria used in previous reports (e.g., McClure et al., 2003;
O’Doherty et al., 2003). The selection of the regions was based on pre-
vious imaging and neurophysiolgical studies (Hollerman and Schultz,
1998; McClure et al., 2003; O’Doherty et al., 2003; Pasupathy and
Miller, 2005) that showed an involvement of these regions in learning
stimulus-reward associations or in differential learning speed of stim-
ulus-response associations. Reported voxels conform to the Montreal
Neurological Institute (MNI) coordinate space. For display, the right
side of the image corresponds to the right side of the brain.
Supplemental Data
The Supplemental Data for this article can be found online at http://
www.neuron.org/cgi/content/full/54/1/167/DC1/.
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